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ystems analysis in
dnal neuroimaging

Functional specialisation

* Analyses of regionally specific
effects

Functional integration

* Analyses of inter-regional effects

* What are the interactions between
the elements of a neuronal
system?

* Which regions are specialized for a
particular task?)

* Univariate analysis e Univariate & Multivariate analysis

Functional Effective
connectivity connectivity




Systems EJIJEJJYa in
unctional neuroimaging

Functional integration

Functional connectivity Effective connectivity

* Temporal correlations between * The influence that one neuronal
spatially remote areas system exerts over another

 MODEL-FREE  MODEL-DEPENDENT

* Exploratory * Confirmatory

- Data Driven « Hypothesis driven

* No Causation « Causal (based on a model)

* Whole brain connectivity « Reduced set of regions

K. Stephan, FIL; S. Whitfield-Gabrieli



Connectivity Analysis Methods

oregressive models)

* DCM (dynamic causal models)



psycho¥physiologicalinteraction (PPI)

ological context
BonareaC:

ces in regression



Rsyche=physiclegical interaction (PPI)
GLM of a 2x2 factorial design:

y=(T,-Ty) p
+(S5, - 5,)p>

Stimulus factor

Stim 2

We can replace one main effect
in the GLM by the time series of
an area that shows this main

effect.

Task factor

Task B

B1

A2

=Y

+(T, -T,) (S, - $,)p5
+e

Friston et al. Neurolmage, 1997

main effect
of task

main effect
of stim. type

interaction

main effect
of task

V1 time series
~ main effect
of stim. type

psycho-
physiological
interaction



Attentionalimoedulation of V1-V5

. 1 15 2 25
Friston et al. 1997, Neurolmage V1 activity
Biichel & Friston 1997, Cereb. Cortex




Iwoimechanisticinterpretations of PPI’s.

Ep

on Stimulus related modulation of
o stimulus responses to context (attention)

Friston et al, Neuroimage, 1997



ne the directionality

5 are reversible. The
aciprocal of B — A.

ould be pre-specified and based
on knowledge of anatomy or other experimental
results.




PPIlivs. correlation

S?

assume a dependent



d connectivity using
n applied to a
model.

hose based on
ity (gold standard)

ns were not significant for
unctional connections.

in influence between 2 regions may not
involve a change in signal correlation

Kim & Horwitz, Mag Res Med, 2008



differential response to a
t experimental contexts.

e differential response to
e influence of another

e due to the differential response to
egion under the influence of different
ntexts.



letter decisions > spatial decisions

Is the red letter
left or right from
the midline of the

word?

spatial decisions > letter decisions

Stephan et al, Science, 2003




) o - J ‘ ’ . '{'
decisions Right ACC — right IPS:

increase during spatial decisions.
Stephan et al., Science, 2003

al vs letter




PPl single-subject example

letter
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Signal in left AC
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Signal in right AC
Left ACC signal plotted against left IFG Right ACC signal plotted against right IPS

Stephan et al, Science, 2003



» can test for its




e interaction and main
nsitivity will be low.

to the choice of region.
tributions from a single

ties of data

BOLD time series (spmgg/2).
ves the BOLD signal to form the

P eraction term, and then reconvolves it.

Need DCM for to make robust statements about
effective connectivity and causality.



Dynamic/Causal Modeling

modulation



O estimate

at the “neuronal level” such
that the modeled and measured BOLD
signals are maximally* similar.

H. den Ouden, SPM Course, 2010
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Conceptual overview




Use differential equations to represent
a neuronalisystem

or
with time

system represented
by state variables

* Rate of change of state

vector

— Interactions between
elements

— External inputs, u

e System parameters 0

2,1 [/(z..2,,u,0,)

z. | | f.(z..z,,u,0)




DCM parameters = rate constants

Generic solution to the ODEs in DCM:

% = gz W) Z(t)= Z, exp(at)

Coupling parameter ‘a’ is T

inversely proportional to the The coupling parameter
half lifeT of z(t): 08| ‘a’ describes the speed of
the exponential change in
Half-life 7 : ol z(t)
Z(‘L’)= 0.5z,

_ 2 explar)

— 1 2/ 0 1 1 ;I 1 1 1 1 1 1 1
- n T 01 0 01 02 03 04 05 06 07 08 09

T=In2/a




Linear dynamics: 2 nodes

Z, = =S8z,

Z, = 5(612121 — 22)
z,(0)=1

2,(0)=0

VA (t)= exp(— st)

z, (t)= sa,t exp(— St)

a, >0

s =4, a21=2
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Neurodynamics: 2 nodes with input

Z

-Z2 -

oo b

~107[z] ¢

=S +| |y, a, >0

—1_ 3 _O_

activity 1n z, 1s coupled to z; via coeflicient a,,



Neurodynamics: positive modulation

SENENEEEN

u,

SN NN N NNN
224/\/\/\/\/\/\_/\

index, not squared

B M T S

modulatory input u, activity through the coupling a,,



Neurodynamics: reciprocal connections

GuEENEEEN

u
u, ’
2]
22
reciprocal
connection
disclosed by u,
z, -1 a,l[z 0 O0][z] [c )
S l=s | U, 2 + 0 U, a,,,d, by, >0
Z; dyy —1l14, 21 Z;




Hemodynamics: reciprocal connections

Uy
Al
s ’ - \
BOLD ol 'l‘\‘ I\ ,:' \
. . I\ 1\
(without noise) ()| L - n \_‘-' P _ A\
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i X | A
aQ
BOLD ol I\ I A (A
\ !
(without noise) nl' \ ~ \\ r ‘I ‘ \ |
- P d L)
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seconds blue: neuronal activity
red: bold response

h(u,0) represents the BOLD response (balloon model) to input



Hemodynamics: reciprocal connections

U, | | | |

U, | I
BOLD 4t
U2. with 2

Noise added 0

4
BOLD
2
with
Noise added
0 20 40 60
Seconds plue: neuronal activity
red: bold response

y represents simulated observation of BOLD response, 1.€. includes noise

y=h(u,0)+e



Bilinear state equation in DCM for fMRI

state tivit modulation of state direct external
changes cohhectivity connectivity vector inputs inputs

| l l l l l

Z a y | by bi (| [2] [en Cim || W
= + YUl Colp t
. j=1 j j
_Zn | _anl ann | bnl bnn _Zn | _Cnl cnm | _um |
n regions m mod inputs m drv inputs

z=(A+ Y u;B")z+Cu

=1



y

odynamic model

1T
activity _
Hh _ {K,)/,T,OC,P,S}I neural state equation

1 vasodilatory signal
s=x-ks—y(f-1)

stimulus functions

f s
A '
f low indution (rCBF) hemOdynam|C
f=s state
1 equations

Co
each area — region-

\ 4 \ 4

. | changes in volume v changes in dHb
SpeC|ﬁC HRFS- T\:'=f—vl/a 'Tq-=fE(f’E)/E0_vl/aq/V‘—‘
v q

Estimated BOLD

response

H. den Ouden, SPM Course, 2010 Friston et al. Neurolmage, 2000; Stephan et al, Neurolmage, 2007



Conce ptual Neuronal state equation Z = F(z,u,0")
ove rV|eW The bilinear model Z'=(A+Euij)z+Cu

effective A= E = %
connectivity 0z 0z
modulation of B 9°F _ 9 9z
Input connectivity dzou,  ou, oz
U(t) direct inputs C =E =8_z
ou ou
D25 — .
: Integration
neuronal
Ay states
Zp(t) activity
Z4(t) haemodynamic
model
BOLD y

Friston et al., Neurolmage 2003



Vieasured vsiModeled BOLD signal

red BOLD signals are maximally similar.

gro=%

200 400 800 800 1000 1200 1400 1600 1800 2000

black: observed BOLD signal
red: modeled BOLD signal

H. den Ouden, SPM Course, 2010



DCM roadmap

Neuronal

: Haemodynamics
dynamics

Priors

~.

State space
Model

o . |
| Model inversion |
| . |
| using —
|
|
|

IPosterior densities

of parameters

A 4

Model
comparison




Estimation: Bayesian framework

Models of Constraints on
*Hemodynamics *Hemodynamic parameters
*Neuronal dynamics *Connections
likelihood term (p(»16) p(0)

\’ p@|y)xp(y|6)pO) ‘/

v

Bayesian estimation
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Parameter estimation: an example

Input coupling, c,

C
I I 1

Simulated response

ar
o

1- .

9 Forward coupling, a,,

3. a21 == Prior

ol B Posterior
1 Em True value
0N

1k N

seconds



Inference about DCM parameters:
single-subject analysis

« Bayesian parameter estimation in DCM: Gaussian assumptions
about the posterior distributions of the parameters

* Quantify the probability that a parameter (or contrast of
parameters ¢! Ngy) 18 above a chosen threshold y:

! /\ Neyy

0 0.1 0.2 0.3 0.4 0.5 0.6



Model comparison and selection

Given competing hypotheses,
which model 1s the best?

log p(y | m) = accuracy (m) —
comp lexity(m)

p o PUIm=i)
"op(yIm=))

Model fit

Poor

Good

Goodness of fit

A

| Overfitting

Generalizability

\ Model complexity

overfitting

r o

Pitt & Miyung (2002),
TICS




Attention to motion in the visual system

We used this model to assess the site of
attention modulation during visual motion
processing in an fMRI paradigm reported by

Biichel & Friston. Attention
Ti;:le [s]
?
Photic
- fixation only l ‘ ‘ ‘
- observe static dots  + photic > V1
- observe moving dots + motion -> V5

- task on moving dots + attention - V5 + parietal cortex

Motion

Friston et al., Neurolmage, 2003 ’WMNWWMMM



Comparison of two simple models

Model 1: Model 2:
attentional modulation attentional modulation
of V1-V5 of SPC-V5

Atter_)tion

Photic @ Photic
0.85
\ 0.70
/ 0.84
1.36

0.57 )

Motion 023
Attention

Bayesian model selection: Model 1 better than model 2

log p(y|m,)>>log p(y|m,)

— Decision for model 1: in this experiment, attention
primarily modulates V1-V5



Extension |. Slice timing model

* potential timing problem in DCM: SA _
temporal shift between regional § 5
time series because of multi- S

' 1Siti sl B W R, 7
slice acquisition e O A Y 1
Vi e
4 visual
input

e Solution:

— Modeling of (known) slice timing of each area.

Slice timing extension now allows for any slice timing
differences! (only works for sequential acquisitions)

Long TRs (> 2 sec) no longer a limitation.

Kiebel et al., Neuroimage, 2007



Extension |l: Two-state model

Single-state DCM Two-state DCM

x=38x+Cu
x=3x+Cu S5 =4y exp(4;” +uBy)
S =4 +uB
Y U] y
S Q35 - 30 xt
1E /] /
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Marreiros et al., Neuroimage, 2008



1 vs. 2-state DCM of attention to motion

A)
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Marreiros et al., Neuroimage, 2008



BMC: 1 vs. 2-state DCM of attention to motion

Log-Evidence

30

Marreiros et al., Neuroimage, 2008



Extension lll: Nonlinear DCM for fMRI

bilinear DCM nonlinear DCM

Bilinear state equation Nonlinear state equation
dx dx <, 20 Ly )
A.I. uB(l) x+Cu - = A+ ul-B + X~D x+Cu
df ( E ) dt ( Z ; /

DCM can model activity-dependent changes in connectivity;
connections can be enabled or gated by activity in one or more areas.

Stephan et al., Neuroimage, 2009



Extension Ill: Nonlinear DCM for fMRI

Can V5 activity during attention to motion be explained by
allowing activity in SPC to modulate the V1-to-V5 connection?

A attention B
MAP = 1.25

o8

=

'
2 - ) 1 2 3 4 5
PPC

p(Dyty, > 0ly)=99.1%




Conclusions

Dynamic Causal Modeling (DCM) of fMRI 1s mechanistic
model that 1s informed by anatomical and physiological
principles.

DCM uses a deterministic differential equation to model neuro-
dynamics (represented by matrices A,B and C)

DCM uses a Bayesian framework to estimate model parameters

DCM provides an observation model for neuroimaging data, e.g.
fMRI, M/EEG

DCM is not model or modality specific (Models will change and
the method extended to other modalities e.g. ERPs)




CM parameters:

ect exist?").

H. den Ouden, SPM Course, 2010



out DCM parameters:
lysis (classical)

ts” analyses in SPM, 29 |evel
DCM parameters:

Separate fitting of identical
models for each subject

g

Selection of bilinear
parameters of interest

one-sample t- paired t-test: rmANOVA:
test: parameter 1 > e.g. in case of
parameter > 0 ? parameter 2 ? multiple sessions
per subject

H. den Ouden, SPM Course, 2010



phenomena as a

vity and its
erimentally controlled

experimental effect (no
LM) — inclusion of this
meaningful.

eriment using the GLM followed by
is not double dipping!

H. den Ouden, SPM Course, 2010



patible study

ensory) input
al input

t to test this hypothesis?

tended model is suitable to test this
imulations

or inference
— What are the alternative models to test?

H. den Ouden, SPM Course, 2010



M

| population causes
connections

uronal activity can affect

on temporal precedence.

how to test it.
parameters.

selection as a first step.

el space carefully.
* E.g., permutations of a particular model or other data.

Stephan et al., Neuroimage, 2010



10/ simple rules for DCM

| definition of model space l

[ inference on model structure or inference on model parameters? |

inference on inference on
individual models or model space partition? parameters of an optimal model or parameters of all models?

A

optimal model structure assumed comparison of model optimal model structure assumed
to be identical across subjects? tamilies using to be identical across subjects?

FFX or RFX BMS

yes

FFX BMS RFX BMS

N

FFX BMS RFX BMS FFX analysis of RFX analysis of

parameter estimates parameter estimates
(e.g. BPA) (e.g. t-test, ANOVA)

Stephan et al., Neuroimage, 2010



10 simple rules tor DCM

bjects
do with Bayesian

fMRI with equivalent data.
od for group-level

| design and data acquisition

ous acquisition of slices vs. interleaved.
. DCM for slice timing.

Stephan et al., Neuroimage, 2010



d computational

d results in detail

Stephan et al., Neuroimage, 2010






